We present a novel statistical framework for meta-analysis of differential gene co-expression. In contrast to standard methods, which identify genes that are over or under expressed in disease vs controls, differential co-expression identifies gene pairs with correlated expression profiles specific to one state. We apply our differential co-expression meta-analysis method to identify genes specifically mis-expressed in blood-derived cells of systemic lupus erythematosus (SLE) patients. The resulting network is strongly enriched for genes genetically associated with SLE, and effectively identifies gene modules known to play important roles in SLE etiology, such as increased type 1 interferon response and response to wounding. Our results also strongly support previous preliminary studies suggesting a role for dysregulation of neutrophil extracellular trap formation in SLE. Strikingly, two of the gene modules we identify contain SLE-associated transcription factors that have binding sites significantly enriched in the promoter regions of their respective gene modules, suggesting a possible mechanism underlying the mis-expression of the modules. Thus, our general method is capable of identifying specific dysregulated gene expression programs, as opposed to large global responses. We anticipate that methods such as ours will be more and more useful as gene expression monitoring becomes increasingly common in clinical settings.
Introduction
Proper control of gene expression is vital to cellular function, and improper control is thought to play a role in many diseases. There are >50,000 datasets currently available in the Fig 1. Schematic overview of the method. There are three major components: 1) differential coexpression analysis (e.g. disease vs. control) within each study; 2) combination of results across studies; and 3) gene network and module identification. Differential co-expression analysis of each dataset provides a d score for each gene pair. The d scores are then combined across datasets, resulting in q scores. The q scores are used to construct a differential network, which is decomposed into gene modules representing mis-expressed regulatory programs.
Methods

Statistical framework for meta-analysis of differential co-expression
Let X, Y denote two random variables (e.g., the expression levels of two genes across a collection of people) that follow a bivariate normal distribution under each of the two conditions A, B (e.g., diseased, healthy). Let ρ A and ρ B be the correlations between X and Y under conditions A and B, respectively. Let there be m independent studies measuring the two random variables X, Y under both conditions. Under these assumptions, we developed a statistical framework to test the hypothesis that there does not exist a differential relationship between X and Y. The framework takes into account data (e.g., a matrix of gene expression values) from m different studies, along with the sample size of each study. A schematic overview of the method is provided in Fig 1. 
s score definition
Within each of the m studies, the sample Pearson correlation coefficient between the two random variables X and Y is calculated as given in Eq. (1):
(1) Note that this computation needs to be performed under each condition (A & B) separately.
The Pearson correlation coefficient, r, is then transformed to Fisher's z score using Fisher's transform as given in Eq. (2):
Note: -∞ < z < ∞.
Thus, within each study, two z scores are calculated for each pair X,Y by transforming the two sample Pearson correlation coefficients, one under each condition.
Within each study, the difference between the z scores is next calculated as given in Eq. (3):
Note: d can also be defined as:
Finally, we define the s score as the sum of the d scores from the m studies, and compute it as:
Probability distribution of s scores
Under the assumption that two random variables X,Y follow a bivariate normal distribution with a correlation of ρ, the random variable Z is approximately normally distributed [27, 28] :
Note: n is the sample size (e.g., the number of conditions/individuals in the expression dataset).
The random variable D, by the d score definition given in Eq. (3), is then the difference of two random variables Z A and Z B . Since Z A and Z B are normally distributed random variables and are independent by definition, the random variable D will also follow a normal distribution, with the expected value equal to the difference of the expected values of Z A and Z B, and variance equal to the sum of the variances of Z A and Z B :
We next define a random variable S that is a linear combination of the normal random variables D 1 , D 2 ,…D m , which are all independent by definition. Thus, using the result stated in Eq. (5), the random variable S will follow a normal distribution as given in Eq. (7).
Further, under the assumption that there does not exist a differential relationship between X and Y, ρ A will be equal to ρ B , and the expected value of the random variable S will be zero. The random variable S can then be converted to a standard normal random variable, denoted Q:
Since Q is a standard normal random variable, for any observed s score, the corresponding q score can be calculated using the result stated in Eq. (8) . The P-value (P > |q|) can then be calculated easily using the standard normal distribution function. We note that this P-value provides a way to test the hypothesis that there does not exist a differential relationship between X and Y.
SLE dataset selection for meta-analysis
We selected a total of five gene expression studies after screening several based on cell type, sample size, patient treatment, etc. (Table 1 ). All five studies measure gene expression in Peripheral Blood Mononuclear Cells (PBMC) of SLE patients and healthy individuals. We excluded any samples from individuals that received intensive immunosuppressive therapy (e.g., greater than 20 mg/day of steroids or interferon alpha Kinoid immunization).
Data pre-processing
Data pre-processing consisted of two operations: normalization and probe ID mapping. For three datasets, only pre-normalized data were available, which we used as-is. We quantile normalized the remaining two datasets, using the normalize.quantile function from the preprocessCore R library. We mapped gene probe IDs from each study to Ensembl gene IDs. In the cases where multiple probes mapped to one Ensembl ID (e.g. for genes with multiple splice variants), we used the mean expression value of the probes. These mappings resulted in a total of 18,663 unique genes across the five studies. Array Express
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Meta-analysis of differential gene co-expression in SLE
We performed differential gene co-expression meta-analysis using the framework described in section 2.1, and outlined in Fig 1. Here, the random variables X, Y represent the expression levels of two genes across a collection of individuals, and conditions A and B represent diseased (SLE) and healthy (control) conditions, respectively. Note that in applying the meta-analysis framework to SLE, we converted any negative z scores to a z score of zero, since negative correlations are non-transitive, and thus might have adverse effects on subsequent clustering analyses. This is a conservative modification, in the sense that it may lower the d score, but can never increase it; this modification thus will not result in any false positives in our network. The 18,663 unique genes translate into 174,144,453 pairwise relationships. However not all genes are present in all studies, and not all genes present in a study have the minimum number (3) of non-missing observations we required to compute correlation coefficients. In this study, we only considered gene pairs for which we could compute correlation coefficients in at least four studies, a total of 85,276,272 pairs (~49%). We used this value to adjust our final P-values for multiple testing with the BenjaminiHochberg procedure, using p.adjust function in R, requiring a significance level of 0.05.
Comparison of Type I error rates and statistical power
We empirically estimated Type I error rate and statistical power using simulation-based approaches. We performed 10,000 iterations wherein we created between 2 and 10 studies, with each study consisting of between 25 and 100 samples/observations (all values were chosen uniformly). To create expression levels for two genes across the conditions, we picked random values independently from two standard normal distributions for the Type I error rate analysis, since its null hypothesis assumes no correlation. For the power analysis, which has the null hypothesis that there is some underlying correlation, we simulated expression levels by picking from a bivariate normal distribution with expected values [0, 0], variances [1, 1] , and correlation (rho) values drawn from a uniform (0,1) distribution. We calculated the sample Pearson correlation between the two genes across conditions, and performed meta-analysis using one of the three methods (ours, Fisher's, or Stouffer's). Type I error rate and power were then calculated as the fraction of meta-analysis results across the 10,000 iterations with P-value < 0.05 (i.e., α=0.05).
We repeated this process 100 times and report the mean.
Differential expression analysis
We also performed standard differential gene expression analysis. For each dataset, we used a two sample independent t-test to estimate the significance of the difference of the expression levels of each gene between SLE and control conditions, and calculated the mean across the five datasets,.
Identification and annotation of gene modules
We identified densely connected regions of the final network (gene modules) using the fastgreedy algorithm in the R igraph package. We annotated modules by calculating their overlap with known biological processes using Fisher's exact test in ToppGene [29] . We identified enriched transcription factor (TF) binding sites in 1,000 base upstream regions of genes in each module using a large collection of human TF binding motifs [30] and the Pscan algorithm [31] . We identified TFs with enriched ChIP-seq binding peaks in the promoters of module genes using data obtained from UC Santa Cruz [32] and PAZAR [33] , and a novel statistical method. Briefly, for each ChIP-seq dataset, we calculated its observed overlap with the promoter regions of the genes of the module. We then built a distribution of expected overlap values from 1,000 randomly selected promoters. The distribution of the overlap scores from the randomized data resembles a normal distribution (not shown), which we used to generate a Z-score and P-value for the observed number of peaks that overlap each module. P-values were corrected using Bonferroni's method.
Availability
Source code is available at https://tf.cchmc.org/pubs/makashir2014/. Full results are available from MTW upon request. 
Results
A network of genes specifically co-expressed in SLE
Using simulations, we empirically estimated the Type I error rate of our method to be 0.0496, which is comparable to that of two standard statistical meta-analysis procedures, Fisher's method (0.0494), and Stouffer's method (0.0496) (see Methods). Further, our method has significantly greater statistical power than these methods (0.8798 vs. 0.8527 and 0.8534 for Fisher and Stouffer, respectively; P < 10 -16 , paired t-test with Bonferroni multiple testing correction; see Methods).
We applied our procedure to identify pairs of genes specifically co-expressed in blood samples from SLE patients, relative to controls. The resulting network, which contains 1,250 nodes and 1,310 links, is depicted in Fig 2A. Edges in the network indicate pairs of genes that are strongly co-expressed in SLE patients, but not in normal individuals, and thus might indicate regulatory relationships specific to the disease state.
Twelve genes contained in our network are genetically associated with SLE, a 2.8-fold enrichment over random expectation (P~0.001), and a near identical number to that obtained from a list of the top 1,250 differentially expressed genes (14) . Interestingly, only seven of these genes are identified by both methods, highlighting the complementary nature of differential expression and co-expression based approaches. We note that we used a strict threshold to generate the network, resulting in a largely sparse network. Notwithstanding, there is a clear modularity to the network, with one large component containing mostly down-regulated genes (top), a second large component containing mostly up-regulated genes (middle), and several smaller components. We therefore used a graph-theoretic algorithm to extract gene modules from the network (see Methods), which might correspond to specific regulatory programs that are mis-expressed in SLE.
Gene co-expression modules specific to SLE
Type I interferon response
The most strongly up-regulated genes in the network comprise a single gene module enriched for genes involved in the Type I interferon response (P < 10 -29 ), a process with a well-established history of elevated levels in the sera of SLE patients [34, 35] . Specifically, the module contains many interferon inducible genes, including OAS family members, and IFIT1, IFIT5, IFIH1, and MX1 [36, 37] (Fig 2B) . Intriguingly, this module also contains three SLE-associated genes (STAT1, IRF7, and IFIH1), all of which have risk variants associated with an increase in Type I IFN activity [37] [38] [39] . Given that STAT1 and IRF7 are transcription factors (TFs) with well-known roles in the interferon response [40, 41] and established elevated expression and activity in SLE [42, 43] , we hypothesized that their heightened activity in SLE might play a role in the elevated expression of Type I interferon genes in SLE. Indeed, two lines of evidence strongly support this possibility. First, the most strongly enriched TF binding motifs in the promoter regions of the genes of this module are for IRF3 (highly related to IRF7) and STAT1 (P < 10 -15 and 10 -11 , respectively, see Methods). Second, STAT1 and IRF1 ChIP-seq binding peaks are over 200-fold enriched in the promoters of these genes (P < 10 -186 and 10 -177 , respectively), covering 25 and 17 of the 44 genes in the module, respectively (see Methods) (we could not locate ChIP-seq data for IRF7; IRF1 is highly related, and recognizes a highly related DNA binding motif). In summary, our data suggest that this Type I interferon response gene module is specifically over-expressed in SLE patients as a consequence of the elevated activity of STAT1 and IRF7.
Cell movement and response to wounding
Our method also identified a module strongly enriched for genes involved in response to wounding (P < 10 -7 ) and leukocyte cell migration (P < 10 -6 ) (Fig 2C) . Four of the genes contained in this module are encoded in regions genetically associated with SLE ( ELF1, LYN, FCGR2A , and FCGR3B). ELF1 is a TF, and we again found that ELF1's DNA binding motif is significantly enriched in the promoters of the genes in this module (P < 10 -3 ). Strikingly, ELF1 ChIP-seq binding events in B cells are present in the promoters of 64 of the 134 genes in this module (>12-fold enrichment, P < 10 -80 ). Although the precise role of cell migration in SLE has yet to be fully elucidated, recent studies in mice have demonstrated that blocking chemotaxis of immune effector cells into organs can inhibit immune-mediated damage such as nephritis [44] . Further analysis of the genes in this module will likely reveal the role played by ELF1 in the dysregulated coexpression of mediators of cell migration, and the contribution of this pathway to the pathoetiology of SLE.
Immune defense against extracellular organisms
Finally, we identified a gene module containing genes with elevated expression levels involved in immune defense against extracellular organisms such as response to bacterium, fungus, and symbiotic cells (P < 10 -4 ) (Fig 2D) . In particular, twelve out of sixteen (75%) of these genes have established roles in neutrophil maturation and extracellular trap formation (including DEFA4, CTSG, ELANE, PGYRP1, OLR1, and CD24) [45] [46] [47] . Among these, DEFA4 (a definsin involved in neutrophil extracellular traps) is particularly intriguing, since it is known to impact some of the immune-mediated tissue damage that occurs in response to autoantibody deposition in SLE [48] . Further, both DEF4A and CTSG (a serine protease that is also released by neutrophils during neutrophil extracellular trap formation) are expressed at higher levels in SLE patients with active disease [49] . Together, these results support recent studies suggesting a role for neutrophil extracellular traps in SLE etiology [50] and, importantly, identify specific members of this pathway whose regulatory programs might be compromised in SLE patients.
Discussion
Despite numerous advantages to differential co-expression-based approaches, methods such as ours remain largely underutilized. Here, we present a novel general differential co-expression meta-analysis framework, and show how it can be used in conjunction with differential expression techniques, transcription factor binding analysis, and genetic association information to identify dysregulated gene expression programs in SLE. Notably, our method identifies several regulatory programs not captured in a previous meta-analysis study of pathway differential expression in SLE (both capture the interferon response) [51] . We anticipate that integrated methods such as ours will have increasing utility as data from genome-scale technologies become more and more prevalent. Notably, results from our method offered considerable biological insights, despite data limitations relating to differing study designs, differing array platforms, and heterogeneous cell populations. It is likely that applications to well-controlled datasets (e.g., single population or single cell RNA-seq data) will afford even higher resolution views into regulatory programs that are disrupted in human diseases.
Conclusions
We developed a novel statistical methodology for differential gene co-expression meta-analysis. Our method is complementary to traditional differential expression methods, and is capable of identifying specific dysregulated expression programs, as opposed to large global responses. Our framework is flexible and general, and thus can be applied to other diseases (e.g, cancer), or other genome-wide data types (e.g. RNA-seq). Here, application to SLE captured a significant number of genetically associated genes, and provided new insights into SLE etiology. Specifically, our data implicate the STAT1 and IRF7 TFs in the elevated Type I Interferon response in SLE, and suggest a role for the ELF1 TF in a novel dysregulated cell movement pathway. Importantly, these predictions are strongly supported by enrichment of binding sites and ChIP-seq binding events for these TFs in the promoters of the associated gene modules. Further, we have revealed a new potential role for the dysregulation of specific neutrophil extracellular trap genes in SLE. As technologies for measuring gene expression continue to mature, we anticipate that meta-analysis methods such as ours will play a vital role in obtaining high-confidence biological insights into the gene expression programs of many human diseases.
